
1. INTRODUCTION

Leaf area index (LAI) has been an important driver to some ecosystem models applied at landscape to global
scales.  Study on the spatial distribution of LAI on the Earth’s surface is helpful to understanding various biological
and physical processes within a terrestrial ecosystem, such as photosynthesis, respiration, transpiration, carbon and
nutrient cycle, and rainfall interception (Chen and Cihlar, 1996; Fassnacht et al., 1997; Gong et al., 1995; White et
al., 1997; Hu et al., 2000).  Direct measure of canopy LAI is labor-intensive and, thus, is only practicable on
experimental plots of limited size. Consequently, estimating LAI over large areas is problematic (Gobron et al.,
1997).  Remote sensing techniques, particularly the use of satellite imagery, may offer a practical means to measure
LAI at the landscape scale or even global scale (Running et al., 1989).  With remote sensing techniques, scientists
have made progress in developing methods that correlate remotely sensed data with regional estimates of a number
of forest ecosystem variables, including LAI, absorbed fraction of photosynthetically active radiation (APAR),
canopy temperature, and community type.

Since the advent of imaging spectrometers, various approaches have been developed for estimation of forest
biophysical (e.g., LAI) and biochemical (e.g., chlorophyll content) parameters using hyperspectral data.  They can be
divided into three categories: statistical regression, physical modeling and bio-parameters mapping.  So far, most
attempts to estimate the LAI on the basis of airborne hyperspectral remote sensing data have relied on empirical
relationships (i.e., statistical correlations) between values of LAI measured in situ and the values of a particular
vegetation index computed from remote sensing data (e.g., Spanner et al., 1994), derivative spectra (e.g., Gong et al.,
1992) or some spectral position parameters (e.g., “red edge” optical parameters, extracted from an inverse Gaussian
model by Miller et al. (1990)).  The physically based models rest on a theoretical basis consisting of developing a
leaf scattering and absorption model that involve canopy characteristics, such as LAI (e.g., Jacquemoud et al., 1996).
Imaging spectroscopy has made it possible to study the spatial distribution of biophysical and biochemical
parameters because the pixel-based parametric value can be easily calculated in terms of the relationships between
spectra from hyperspectral remote sensing images and biophysical and biochemical parameters measured and/or
inverted from physical models (e.g., Curran et al., 1997; Hu et al., 2000).  Of these three categories, empirical
relationships between ground-based LAI values and various forms of multispectral and hyperspectral data are the
most successful and popular.  In this study, we still use the empirical regression model to predict pixel-based LAI
value for LAI mapping.

The atmosphere can modify the information of the Earth’s surface in several ways (Richter, 1992; Gao et al.,
1993; Sturm, 1992). It contributes a signal independent of the ground (path radiance); it absorbs some fractions of
the ground reflected radiance; and the atmospheric scattering (Rayleigh & aerosol) modifies the radiances of
adjacent fields of different reflectance (adjacency effect).  Therefore, dark areas surrounded by bright areas appear to
have a higher reflectance than the intrinsic reflectance. Since the effects of atmospheric scattering and absorption on
high spectral resolution remote sensing data are critical, the atmospheric correction is particularly important to
imaging spectrometer data (Vane and Goetz, 1993; Green et al., 1998) for retrieval of surface reflectance and
atmospheric constituents.  For this reason, we will use retrieved surface reflectance to study the spatial distribution of
LAI.  During the 2001 EO-1 campaign in Argentina, two high spectral resolution image scenes of AVIRIS were
acquired at two study sites in southern Argentina, and relevant ground truth data were collected for estimating and
mapping LAI.  In this study, we retrieved surface reflectance spectra from AVIRIS hyperspectral data with the
atmospheric transfer code —MODTRAN4 (Berk et al., 2000).  We used the retrieved pixel-based reflectance spectra
to estimate and map LAI.  The objectives of this study were to (1) develop an LAI mapping approach with the
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AVIRIS hyperspectral data; and (2) compare the effectiveness of AVIRIS data at different processing stages of
atmospheric correction used for estimating and mapping LAI.

2. STUDY SITES AND DATA COLLECTION

2.1 Study Sites

During the 2001 EO-1 campaign in Argentina, we set up two study sites, the south site (41º 51' 23'’ S / 71º 24'
44'’ W) and the north site (41º 10' 59'’ S / 71º 20' 27'’ W), in Rio Negro province of southern Argentina.  The study
areas are located on a relatively flat area, semiarid region with many patches of conifer forest plantations.  The
species are young- to mid-aged ponderosa pine, lodgepole pine, and Oregon pine.  Besides these forest plantations,
the study sites are covered by some broad-leaf species and shrub and grasses (mainly consisting of nire brush acaena,
coiron, barberis, laura, rosa mosquede).  The relative elevational difference within the study areas is less than 100 m
and the average elevation is approximately 850 m.

2.2 Data Acquisition and Measurement

(1). AVIRIS data
At the both the north and south study sites, AVIRIS data were acquired on February 15, 2001, around 14:50 p.m.

local time.  The AVIRIS were acquired at an altitude of 5029 m and this led a spatial resolution of 3.6 m.  A standard
scene of AVIRIS image consists of 614 pixels X 512 lines X 224 bands.

(2). Spectroradiometric measurements
From March 27-29, 2001, we took reflectance measurements in the field from road surface (gravel material),

bare soil, young tree canopy (ponderosa pine and lodgepole pine), grasses and shrubs using a FieldSpec®Pro FR
(Analytical Spectral Devices, Inc., USA). The spectral range covered by the instrument is 350 - 2500 nm with three
separate spectrometers. The first spectrometer has a spectral resolution of 3 nm while the second and the third have
the same spectral resolution of approximately 10 nm. All spectra were measured at the nadir direction of the radiom-
eter with a 25° FOV.  The distance between the spectroradiometer and targets was 20 to 100 cm to allow within-
target-area radiance measurement. White reference radiance was measured every 5-10 minutes. Each sample was
repeatedly scanned 10 times.  These spectral reflectance measurements were used for atmospheric correction for the
retrieval of surface reflectance from AVIRIS data.

(3). LAI collection
An LAI-2000 Plant Canopy Analyzer (PCA) was used in the field to measure forest LAI. The PCA is based on

the amount of canopy light transmittance measured across a hemispherical field by five concentrically nested sensors
(Welles and Norman, 1991).  The LAI measurement taken by the PCA has been termed ‘effective’ LAI because of
the contamination of this measure by self-shading at the needle-to-shoot level, branch and canopy levels, and stand
level (White et al., 1997; Chen and Cihlar, 1996).  The operation instructions for the LAI instrument were followed
carefully to ensure each LAI point measured correctly.  From March 27 to 29, 2001, a total of 70 LAI measurements
were taken at both sites.  Each LAI measurement represents an average of ten PCA readings which were taken in an
area between 100 to 1000 m2.  The locations of PCA readings in each plot were selected based on the canopy
closure, age of stands and nutrient level so as to make them representative of the variability in the plot.  After taking
one LAI measurement, its exact location (i.e., a plot) was marked on the color composite image of AVIRIS data or on
forest inventory polygon map. This has been used as references for subsequent spectral data extraction from the
AVIRIS images.  Since the effective LAI is less variable and easier to measure than LAI, and is also an intrinsic
attribute of plant canopies (Chen and Cihlar, 1996), we directly used the effective LAI in our analysis.

3. METHODS

Figure 1 illustrates a flowchart of our analytical procedure, which consists of two parts, retrieval of surface
reflectance from AVIRIS data and LAI mapping with the AVIRIS data at three different processing stages.  The
detailed description to the flowchart is given below.



3.1 Retrieval of Surface Reflectance

According to Gao et al. (1993), Sturm (1992), Green (1992) and Qu et al. (2001), a simplified radiative transfer
(RT) model based on the same principles (see Tanré et al., 1986) is applied here.  In a simplified form, the at-sensor
radiance L can be a combination of the radiance reflected from Lambertian surface and scattered from atmosphere by
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where, 
2T  is the Sun-surface-sensor two-way transmittance in consideration of the total gaseous transmittance effect,

aL  is the path radiance caused by atmospheric scattering, S is the spherical albedo of the atmosphere, ρ  is the
earth’s surface reflectance, 

sE  is the exoatmospheric solar irradiance, and 
sθ  is the solar zenith angle. Eq. (1) can

be rewritten for retrieval of surface reflectance, ρ , as
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Once solving Eq. (1) for parameters,
2T , S, and aL  through simulation with an atmospherically radiative transfer

code such as MODTRAN4 and giving a satellite measured radiance, L, a surface reflectance spectrum can be
retrieved with Eq. (2).  In this study, a procedure, as shown in Figure 1, for retrieving surface reflectance from
AVIRIS data can be described as following.

Through MODTRAN4, three at-sensor total radiances were first simulated with inputs of 3 surface reflectance
values (e.g., 0.0, 0.3, 0.5) and other parameter values necessary for calculating the total radiance, such as water vapor
(0.7 in this experiment), aerosols, and atmospherically geographical-seasonal model.  Since the water vapor is of a
parameter very critical to radiance output, a principle of the  “smoothness test” (Qu et al., 2001) was adopted to

Figure 1. A flowchart of retrieval of surface reflectance and LAI mapping
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determine water vapor value.  The simulated output radiance was used as L in Eq. (1).  With the three simulated at-
sensor total radiances, we can solve the RT model (Eq. (1)) for parameters 2T , S, and aL . Using AVIRIS image
pixel value (radiance) as at-sensor radiance and the solved 

2T , S, and aL , we can easily calculate pixel-based
surface reflectance from AVIRIS image radiances through Eq. (2). In this paper we refer to the original pixel-based
radiance simply subtracted by the aL  as the corrected radiance.  Since the input parameter values for MODTRAN4
cannot completely satisfy atmospheric conditions over the study sites during flight overpasses, the retrieved surface
reflectance is not prefect at this stage. With a set of ratio coefficients across all spectral bands calculated by dividing
the ground reflectance by the corresponding retrieved reflectance, pixel-based surface reflectance can be scaled to
ground measured reflectance and improved in accuracy.

3.2 LAI Estimation and Mapping

With the AVIRIS data of three different processing stages: the original radiance (OR), corrected radiance (CR)
and retrieved surface reflectance (SR), the following procedure was used in this study for LAI estimation and
mapping.

Step 1. Pxel-based field spectra from 15 to 225 homogenous pixels were extracted for each of the 70 LAI
measurement plots from the OR, CR and SR images.  An average was taken from all pixel spectra extracted for each
individual plot.

Step 2. A linear correlation coefficient is calculated between each band and the LAI measurements.  The
purpose of this step was to select those bands with high correlations to construct LAI prediction models.

Step 3. We selected 20 bands from the AVIRIS data of OR, CR and SR.  The following band combinations were
considered: (a) selecting 2 - 3 bands from each band group in terms of the correlogram (Jia and Richards, 1999); (b)
selecting those bands corresponding to peak values of the correlation curve; and (c) selecting those bands with
known absorption features.

Step 4. Using the piecewise regression procedure of SAS we further selected an optimal set (10 bands) of bands
from the 20 bands determined at Step 3 to construct LAI prediction model.  In order to evaluate the capabilities of
the AVIRIS data at the three processing stages for LAI estimations, we tested the power of a regression model
constructed using only 46 or 47 samples in estimating LAI values of the remaining 24 or 23 test samples.  We
repeated LAI model construction and estimation three times by splitting the total 70 samples into three non-
overlapping test sample sets (24, 23, 23).  We used all 70 samples to finally construct a 10-term prediction model for
each type of the AVIRIS data to predict pixel-based LAI values for LAI mapping.

Step 5. LAI estimated from the AVIRIS data were sliced into classes and colored with a legend referencing the
value ranges for each class.

3.3 Effectiveness Assessment Criteria

The capabilities of the three types of AVIRIS data for estimating LAI can be evaluated using the following three
criteria:

•     Multi-correlation coefficient (determination coefficient), R2, of an LAI prediction model;
• LAI prediction accuracy evaluated based on the overall average accuracy (OAA) from validation samples

(three sets of non-overlapping test samples), from corresponding training samples or from all 70 training
samples,OAA is defined as
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 y i(i =1,2,.. .,n)  are LAI values estimated from the validation samples or training samples

by the constructed regression models;  n is the number of samples; and m  is the number of
predictors in a regression model.  The greater OAA is, the better is the regression
result.

• Visual examination of LAI maps by comparing with a pseudo-color composite image of AVIRIS to assess
the reasonability of LAI spatial distribution.

4. RESULTS AND ANALYSIS

4.1 Retrieval of Surface Reflectance

With MODTRAN4 (Berk et al., 2000), when we chose three surface reflectance values: 0.0, 0.3, and 0.5, a water
vapor value of 0.7, a mid-latitude summer atmospheric geographical-seasonal model, and other necessary parameters
as inputs for the code, three at-sensor total radiances were simulated for solving the simplified RT model (Eq. (1)).
Figure 2 presents three total radiance curves corresponding to surface reflectance, 0.0, 0.3 and 0.5, respectively.
Some absorption features along the curves of 0.3 and 0.5 reflectance, especially for those caused by water vapor,
appear clearly in Figure 2. With the three simulated at-sensor total radiances and three surface reflectance values, the
path radiance  ( aL ), the Sun-surface-sensor two transmittance (

2T ), and the spherical albedo of atmosphere (S)
could be obtained by solving the 3-equation group of Eq. (1). When replacing the simulated at-sensor radiance by the
sensor image pixel value, a corrected radiance image could be produced (suppose LLimg ≈ ) by deducting the 

aL
(i.e., aimg LL − ). Further, with the two other parameters (

2T and S), a retrieved surface reflectance image could be
produced in terms of Eq. (1). The retrieved surface reflectance image was called as primary retrieved surface
reflectance image at this stage.

Figure 3 (a-c) present atmospheric correction results at different processing stages. Figure 3 (a) is the original
radiance (OR) and (b) the corrected radiance (CR) of (a). Comparing (a) with (b), we can see clearly that the
atmospheric effect (scattering) influences more on the visible and near infrared region than on the longer wavelength
regions. Since the surface reflectance curve is retrieved only with solved aL , 2T and S , there are a lot of ‘spikes’
along the reflectance curves, especially near 0.76 µm (O2), 0.94 µm and 1.14 µm (H2O), and the 2.0 µm (CO2)
absorption bands in addition to the 1.4 and 1.9 µm where water vapor absorption is strong.  These might be caused
by MODTRAN4 input parameters whose values are not totally adequate, especially for those sensitive gases such as
water vapor.  It is therefore necessary to further modify the primary retrieved reflectance with ground
spectroradiometeric measurements.  We used ground spectrometer data measured from road surface (high way) and
plant canopy (lodgepole pine) and the primary surface reflectances retrieved from the corresponding locations on the
images to calculate a set of ratio coefficients, then applied the ratio coefficients to the primary retrieved surface
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Figure 2.  Total at-sensor radiance simulated using
MODTRAN4 with inputs of three surface reflectances
(0.0, 0.3 and 0.5) and a water vapor value of 0.7.

reflectance to obtain the final version of retrieved surface
reflectance (SR) images (see Figure 3 (c)). From Figure 3
(c), it is evident that most portions of the reflectance curve
are close to their ground-measured version although a few
‘spikes’ still remain.  The ‘spikes’ near 0.94 and 1.14 µm
indicate the water vapor effect was not completely
removed.  To efficiently remove the water vapor effect, a
three-channel ratioing technique (Gao et al., 1993) may be
tested as an alternative.

4.2 LAI Estimation

(1). Correlation between AVIRIS data and LAI
Linear correlations between the three types of AVIRIS

data and field LAI measurements were calculated. The
three correlation curves of OR, CR and SR along the
wavelengths are presented in Figure 4. For AVIRIS SR
data, some bands in the visible and short wave infrared
(SWIR) regions have higher correlation compared to other



AVIRIS data, especially in the visible region.  This indicates that the atmospheric correction has effectively reduced
the scattering effect of the atmosphere on the sensor data in the visible region.  In the region of SWIR 2.05 – 2.4 µm,
there is also a certain degree of effectiveness.  However, since we have not considered a gain factor that consolidates
all the multiplicative influences such as atmospheric transmission, solar irradiance and instrument response (Goetz et
al., 1997), a simple deduction of the effect of atmospheric path radiance from the OR data has not improved the
correlation.  For all the three types of data, the SWIR bands can be used as a potential range for LAI estimation
because the effect of atmosphere is relatively weak in this region except two strong water absorption bands centered
near 1.4 and 1.9 µm.

(2) LAI prediction models
In order to construct LAI prediction models, we first selected 20 relatively important bands from all AVIRIS

bands according to the three criteria mentioned earlier.  Using the piecewise regression procedure from SAS, an
optimal set (10 bands) of bands from the 20 bands was selected to construct LAI prediction models for the three
types of AVIRIS data. The optimal number of bands selected was determined based on Figure 5.  When all three
types of data were considered, 10 bands were sufficient because the R2 almost no longer increases if more bands
were used.  Therefore, we used all 70 samples to finally construct one 10-term prediction model for each type of the
data.  Table 1 lists some indices for model evaluation and band wavelengths selected for each type of data. Note that
all spectral data selected were transformed into logarithmic values.  All model indices including R2, overall accuracy
(OAA) and standard deviation (SD) show that the AVIRIS SR data are the best among the three.  This indicates that
the atmospheric correction executed to OR data and the procedure of retrieving surface reflectance are helpful in
estimating forest LAI.  According to Curran (1989), most of the bands used relate to biochemical absorption features
and account for biological significance because canopy LAI is considered to have a direct or indirect relation with
most of the biochemical absorption features.  For example, 2 - 3 bands selected for each type of the data (539 and
626 nm for OR; 539, 558 and 626 nm for both CR and SR) locate in the  visible region and, therefore, can relate to
the chlorophyll absorption features; most of the other bands in the SWIR region are affected by water, protein,

Figure 3.  Spectral curves of two typical targets
(forest and shrub) from AVIRIS images acquired on
02/15/2001, the north study site, at different
processing stages:  (a) original radiance; (b)
corrected radiance with deduction of path radiance
simulated using MODTRAN4 from (a); and (c)
retrieved surface reflectance improved with a set of
ratio coefficients.
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nitrogen, starch, oil, lignin, and cellulose absorption features (1080, 1174, 1274, 1653, 1763, 1792 and 2221 nm);
and only 780 nm for all three types of the data and 2420 nm for SR seem to have no causal association with those
known absorption features ( > 50 nm away).  Among the three types of data, there are 6 common bands (539, 626,
780, 1763, 1792, and 2221 nm).  We regard these 6 common bands more important than the others in the selected
20-band group.

-0.8

-0.6

-0.4

-0.2

0.0

0.2

0.4

0.6

400 700 1000 1300 1600 1900 2200 2500

Wavelength (nm)

C
or

re
la

tio
n 

co
ef

fic
ie

nt

original radiance

corrected radiance

retrieved reflectance

0.5

0.6

0.7

0.8

0.9

1.0

0 5 10 15 20
Number of bands

M
ul

ti
pl

e
 c

or
re

la
ti

o
n 

(R
^2

)

original radiance

corrected radiance

retrieved reflectance

Figure 4. Comparison of correlation coefficients among
the AVIRIS data at the three different processing stages:
original radiance, corrected radiance and retrieved
surface reflectance.

Figure 5. R2 value varying with the increase of the
number of bands included in a regression model.

(3). Test of LAI prediction models
Table 2 lists evaluation indices of training (from 46 or 47 samples) and test sets (remaining 23 or 24 samples)

for the three types of data.  All results listed were obtained through averaging the results from training or testing.  All
indices for AVIRIS SR are better than those of the other two (OR and CR) with training samples.  For the results
obtained from the test sets, it seems that atmospheric correction did not improve the accuracy of LAI estimation.  In
fact, the accuracies for CR and SR data are lower by a little bit than those of OR data.  This may have two
explanations: the atmospheric correction is insignificant; or the results are inconclusive because the training and test

Table 2. Comparison of the effectiveness of LAI estimation with 10-term regression models from the three
types of AVIRIS data.  46 or 47 training samples and 24 or 23 test samples were used.  All test results were

obtained through averaging the three non-overlapping test sets.

Table 1. LAI prediction models (10-term) of the three types of AVIRIS data, original radiance (OR), corrected
radiance (CR), and retrieved surface reflectance (SR).  N = 70 samples

Logarithm of OR Logarithm of CR Logarithm of SR
R2 0.7854 0.7904 0.8130
Wavelengths (nm) 539 626 780 1080 1174 

1274 1653 1763 1792 2221 
539 558 626 780 1080 1212 

1274 1763 1792 2221 
539 558 626 780 1174 1653 

1763 1792 2221 2420
OAA (%) 76.63 76.91 78.19
SD 0.5677 0.5609 0.5297

Note: All of R2 are significant at 0.99 confident level; OAA-overall average accuracy;  SD-standard deviation

Effectiveness indiex Logarithm of OR Logarithm of CR Logarithm of SR
Training set R2 0.8119 0.8225 0.8306

OAA(%) 78.24 78.88 79.34
SD 0.5283 0.5125 0.5020

Test set OAA(%) 67.19 62.33 66.71
SD 0.7931 0.9232 0.8126

Note: All of R2 are significant at 0.99 confident level; OAA-overall average accuracy;  SD-standard deviation



sample sizes are not big enough. Nevertheless, based on the results shown in Table 1, the retrieved surface
reflectance data should be expected to have the potential to improve the accuracy of LAI estimation compared to the
use of OR or CR data.  The expectation can also be supported by LAI mapping result analyzed below.

4.3 LAI Mapping

A unique color or a gray level was assigned to a class of pixel-based LAI value, and corresponding legend was
also added onto the pixel-based LAI maps. These LAI maps reflect spatial distribution of different LAI classes (see
Figure 6).  Figure 6 consists of 8 parts of the two study sites (N – north site and S – south site): (a-N, -S) are false-
color composite images with AVIRIS bands 45 (NIR), 24 (Red), and 12 (Green); (b-d, -N and -S) are LAI maps
mapped using AVIRIS OR, CR and SR, respectively.  For the false color composite images the areas with the highest
LAI are in red color while the lowest LAI in blue-green-white color and the medium LAI in reddish and dark-red
colors.  Compared to the false color composite images, the LAI maps produced by SR are the most reasonable
because the spatial distribution of LAI patches on the maps matches the false color image very well, and the maps
reflect detailed LAI variation, especially for patches at the low and high ends of LAI when compared with those from
the CR and OR.  From Figure 6 (a-N, -S), it is evident that the range of LAI mapped from the OR is narrow.  For LAI
maps produced from CR, they are better than those from the OR, but, obviously, worse than those with the SR.  This
could be due to the results of atmospheric correction and use of the retrieved surface reflectance.

5. SUMMARY AND CONCLUSIONS

In this study, we compared the effectiveness of AVIRIS data processed at three levels for LAI estimation.  The
three data levels are original radiance (OR), corrected radiance (CR) and retrieved surface reflectance (SR) images.
AVIRIS images were acquired on February 15, 2001 at the north and south study sites during an EO-1 campaign in
Argentina.  Spectraoradiometric measurements were taken from road surface, vegetation and bare soil with a
FieldSpec®Pro FR spectrometer.  A total of 70 LAI measurements with an LAI-2000 Plant Canopy Analyzer were
also taken in the field.  We first simulated the total at-sensor radiances using MODTRAN4.  Then, we solved a
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Figure 6.  LAI mapping using three types of AVIRIS images.  The upper four subimages are from the north site and
the lower four subimages from the south site.  (a-N, a-S) False color composite (AVIRIS bands 45, 24, 12); (b-N, b-
S) LAI mapping with original radiance; (c-N, c-S) with corrected radiance; and (d-N, d-S) with retrieved surface
reflectance data.



simplified radiative transfer model for three parameters of the path radiance, the Sun-surface-sensor two 
transmittance, and the spherical albedo of atmosphere, followed by using the ground spectroradiometric 
measurements to improve the retrieved surface reflectance from the AVIRIS images. The CR images were obtained 
by simply deducting path radiance from the OR images. A 10-term LAI prediction model for each type of the data 
was constructed to predict pixel-based LAI value. Finally, the pixel-based LAI values were used to make LAI maps 
for all the three types of images. 
 

The results indicate that the LAI mapped with SR is the most reasonable among those derived from the three 
types of data. The worst LAI map is from OR. According to the results of correlation analysis, the SR data type 
generated the greatest correlation coefficients with measured LAI. In general, we conclude that the retrieved surface 
reflectance data is more effective for forest LAI estimation compared to the other two types of data. Additional field 
LAI measurements may be needed to test the 10-term prediction models for LAI estimation. 
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